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nl Introduction
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Global routing: e

Fig. 1: Global routing grid graph. (a) G-cell partitioning. (b)

Grid graph.
* In global routing, the router connects nets in a e i ooy
coarsened grid graph. o R A e i
. TL b e
« We use the augmented pattern routing algorithm ‘ HMM
introduced in CUGRZ2[1], and use the code base of
InstantGR[2]. SV S c—

Figure 1: Global routing using routing DAG.

[1] Jinwei Liu and Evangeline F.Y. Young. 2023. EDGE: Efficient DAG-based GlobalRouting Engine. In ACM/IEEE Design Automation Conference (DAC). 1-6.
[2] Liang Xiao, Shiju Lin, Jinwei Liu, Qinkai Duan, Tsung-Yi Ho, and Evangeline F. Y.Young. 2025. InstantGR: Scalable GPU Parallelization for 3-D Global Routing. IEEE
Transactions on Computer-Aided Design of Integrated Circuits and Systems(2025), 1-1. doi:10.1109/TCAD.2025.3573685
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Timi ng model: Driver pin O======= W8 e Output pin

TI ) I Downstream
= = segments =

* We use Elmore model to model the net delay. Delay(s) = R(s) - (C(5)/2 + Cagun(5))
elay(s) = s)- N down\S

» We focus on the net delay, and use a simplified
timing model that calculates the arrival time of a

cell’s output pin as the maximum arrival time of
all inputs with a cell delay.

Arr(pour) = max (Arr(i)) + D,
pi€ln
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Overview: 2D

o 0 w | pﬁpm‘is —> Slacks
Key idea: Prioritize the most “important” =2 Sor~——r" =— |
wire segments. ouing £Za WNSTBING

e |
gradient || influence

To achieve this, we want to know the c . iDelay(Arc,—p):
) , o gradient DTl A
influence of a segment’s R,C on the timing Capacitance, Resistance ‘—inﬂuence __?_a_y_(__"_”?cﬁg)_
results. 4™ ommemem. pmm——o

| oL | l oL " @Delay(Av c)

We then consider in two levels: OC“ / @Pfl‘_’,y_A_’ C) - _B_C‘_ = ,'

 Arc-level Gradient: To estimate how Capac'tance Arc-level Segment-level
o , , L, Sensitivity Gradient Gradient
timing Arcs’ delay influence endpoints

slack. Figure 2: Example of the partial gradient of timing objective
° Segment-|eve| Gradient: To estimate with respect to the capacitance of segment s.

how segments’ R,C influence Arcs’ delay.



nl Algor i thm For WNS:

Inspired by [3] , we use LSE function to
approximate WNS:

Arc-level Gradient:

Before calculating Arc-level gradient, we

WNS = nbljiArllD(Slack(e))
. . . . . ec
estimate the influence of endpoints arrival time

= —eg};a}\JxD(—Slack(e)) ~ —LSE(-Slack(END))

For TNS- =M+ logl 3 oexp(<HE D)
Each negative slack endpoint contribute once to According to this approximation, the gradient
the TNS. (negative slack endpoints are more respect to an endpoint’s arrival time is as follows:
important): (Endpoints with more negative slack are more
RIS . Skl RegEeh important for the WNS):
= OWNS OWNS 8 — LSE(-Slack(END))
ATT\E) {0’ else. 0Arr(e) - _GSlack(e) & dSlack(e)

B exp( —Slackiei)—M)

2e;cEND exp(

—Slack(ei)—M)
T

[3] Yi-Chen Lu, Zhizheng Guo, Kishor Kunal, Rongjian Liang, and Haoxing Ren.2025. INSTA: An Ultra-Fast, Differentiable, Statistical Static Timing Analysis Engine
for Industrial Physical Design Applications. In 2025 62th ACM/IEEE Design Automation Conference (DAC).



nl Algorithm

Arc-level Gradient:
Backpropagation at Net n1:

o ob 9  ac oL
We then backpropagate the “importance” from | oc OArr(a)  OArr(b) * dArr(c)

endpoints to the start points.

. — FF1
For a cell with multiple input pins, the pins with I} D_

more negative slack are more important for the Net n1
arrival time of the output pin:

' _D___D— FF2
Arr(pout) = maIx(Arr(i)) + D, po—
Pi€ln

e Slack(i)-M i :
OArF(pous)  ALSE(In) exp(ArL)=M) exp(A) Backpropagation at cell C: pr—
3 Y rr N—M’ c | OArr(e )2
0Arr(p:)  9Arr(p:) , w exp( =Stack()—M’ -\ e 2
Zgyetn XP " Ljetn exp(=—) a==) " 9Arr(d)  0Arr(e) \0Arr(d)

For a net, the arrival time of the driver pin influences all

model by L§E -f'u'ﬁEt?on
sink pins. the gradient with respect to the driver pin’s

arrival time is the sum of the gradient at all sink pins: Figure 3: The process of backpropagation. The red, blue, and
green paths are negative slack paths with the first, second,
oL _ Z oL and third worst slack values, respectively.
dArr(po) OArTr (Pout)

Ppout €Sinks(n)
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Segment-level Gradient:

QO Diriver Pin @ Steiner Points

According to Elmore delay model. The delay of a net arc O Sink Pins == Critical Paths
Arcpo_,poutis the sum of all segments delay on the path: - B
Delay(Arcpy—pou,) = Z Delay(s).
seP(po—pout) A D H C
Delay(s) = R(s) (C(s)/2 + Caown(s))
—
E F
Differentiating these two formula and grouping
terms yields: Figure 4: The routing graph of a 4-pin net.

dDelay(Arcp,—p,..)  R(si) ) o . .
oy = g M€ Upou} + 2. RO R,C are estimated by multiplying wirelength and unit

S€EUp gy NUs; . . .
dDelay(Arcp)—pyu; length capacitance, unit length resistance.

) :
R(s) = (C(s1)/2 + Caown(si)) 1{s; € Up,y,, }- The tree structure is based on Flute.
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Segment-level Gradient:

Gradient on multi-sink nets:

oL dDelay(Arcp,—pour )
= Z Woour L

(22)
aC(S,‘) Pour €S aC(“"i)
R(si
= ¥ w,,ou,(—(—zs—)l{s,-eu,,w,}+ > RG)) (29
Pout €S s€Upoys NUs;
R(s;)
=C D) M) % D (RE) Y o)
Pout€S(si) seUsy; Pout €S(s)
(29
oL dDelay(Arcp;—poy:)
AR(s;) Z L 9R(s;) (2)
Pout €S
C(s;
= ( Z Wpo“{)‘( (ZS)"'Cdown(Si))‘ (26)

Pout€S(si)

QO Diriver Pin @ Steiner Points
O Sink Pins == Critical Paths

G B

A ID H (&
—
E F

Figure 4: The routing graph of a 4-pin net.
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Timing-aware DAG-routing: - . End [ _
g g = I - D w points [ Slacks

N L il . .
outing £Zd WNS B ITNG
b gradient “ influence
With Arc-level gradient and Segment-level gradient, we C il :Delay(Arca—)b)
lculate a “Resi itivity” and : : _— Delay(Arca_,c)
can calculate a "Resistance sensitivity” and a Capacitance, Resistance e L e
“Capacitance sensitivity” for each wire segment. p— pm—- T - IR it et o
| OL | I oL ¥ @Delay(/h c)
We inte.gr.ate the timing optimization into global routing 'OCS ’ @ Delay(Ar C) 4 aC, ,
by modifying the segment cost: S ———— S—_————
Capacntance Arc-level Segment-level
oL oL Sensitivity ~ Gradient Gradient
Cost(s) = Overflow(s) +y - (aC( ) -C(s) + m R(s))

Figure 2: Example of the partial gradient of timing objective
with respect to the capacitance of segment s.
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Power optimization:

We optimize the power via minimizing the switching power, which can be calculated as
follows:

2
Pswitching =a- Cload Ve f

a is a switching activity factor representing the probability of signal transitions per clock cycle.
Cioaqis the load capacitance.
V is the supply voltage, f is the frequency of the clock.

We use OpenROADI4] to calculate the following power weight and add it to the original

capacitance sensitivity.
Wp =a- V2 . f

[4] 2024. OpenROAD. https://github.com/The-OpenROAD-Project/OpenROAD.git. Accessed: April 2025.
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Table 2: Experimental result of total score and runtime.

Benchmatic 1st 2nd 3rd Ours
s Score Runtime | Score Runtime | Score Runtime | Score Runtime
.. 0 0.897 651 | 0.640 7.04 | 0.095 15.88 | -0.945 7.24
Tlmlng results: 1 0562 3294 | 0722 2207 | 0094  37.25 | -0.400 2455
2 -1.995 9.20 | -2.077 22.37 | -1.824 18.92 | -2.144 1236
- . 3 -0.405 749 | 0.401 11.03 | 1.370 1553 | 0.443 11.80
Compared Wlth the fIrSt place team’ we aChIeve' 4 2029 13353 | -1.295  153.52 | -3599  266.88 | -2.180  103.88
o . 5 0510 50161 | 0399  839.77 | 0.714 91547 | 0497  609.10
hd 185 /o TNS Improvement 6 1.780 7.06 | 1.646 715 | 1519 23.74 | 1461 1135
7 0.860 37.23 | 0.426 27.79 | 0.700 4480 | 0.424 33.70
[o) H 8 1.402 9.42 | 4375 20.63 | 1364 1943 | 1.391 16.32
[ )
143 /O WNS Improvement 9 0.358 7.01 | 2.088 1147 | 1817 15.88 | 1.205 1175
. . 10 1333 13570 | 1233 16155 | 3117 24771 | 1346 10378
Wlth a 36% CongeStlon Overhead 11 2327 49111 | 2371 76629 | 2,678 196567 | 2313 550.58
Average | 0467 11490 | 0911  170.89 | 0.670  298.93 | 0.284  124.70
Ratio 1645 0921 | 2209 1370 | 1.191 2397 | 1.000 1.000
Table 3: Experimental results of the top-3 teams of ISPD2025 Contest and our algorithm.
Bench 1st 2nd 3rd Ours
TNS WNS  Power Congestion TNS WNS  Power Congestion TNS WNS Power Congestion TNS WNS Power Congestion
0 -1325.78 -0.432 0.646 5846461 -1340.19 -0.398 0.646 5902618 -1138.37 -0.381 0.646 8003814 -1026.76 -0.379 0.646 6438399
1 -10366.19 -0.420 3.054 21332547 -10774.87 -0.424 3.053 20468992 -9344.33 -0.407 3.054 25412296 -8666.18 -0.401 3.053 22573155
2 -521344.56 -56.919 2941 13315606 -514660.28 -55.841 2.940 13686713 -514674.25 -55.914 2.938 15687876 -515533.69 -55.926  2.941 13056103
3 -1610.01 -0.379 0.143 3019425 -2225.46 -0.489 0.145 2478317 -2524.33 -0.520 0.145 3469019 -2085.02 -0.461 0.145 2910471
4 -20473.81 -0.305 7.692 55005746 -21709.13 -0.347 7.734 49071539 -19338.70 -0.275 7.553 97506552 -19042.52 -0.283 7.673 65052484
5 -59712.49 -0.266 23450 236920427 -62459.98 -0.315 23578 192012708 -59533.47 -0.276  23.220 289712328 -54359.36 -0.264  23.320 252306571
6 -650.10 -1.756 0.156 4349152 -149.52 -0.737 0.156 4651055 -162.38 -0.633 0.156 4386728 -45.87 -0.431 0.156 4374734
7 -2859.79 -3.984 0.305 22567636 0.00 0.000 0.305 21307154 -2936.03 -2.747 0.305 20564539 0.00 0.000 0.305 21213727
8 0.00 0.000 0.136 14061156 0.00 0.000 0.136 16352692 0.00 0.000 0.136 13637302 0.00 0.000 0.136 13936159
9 -1356.07 -0.342 0.143 2232008 -1920.72 -0.472 0.145 2122543 -1806.79 -0.440 0.145 2168599 -1600.96 -0.392 0.144 2246898
10 -32016.10 -0.433 8.369 52783071 -34846.05 -0.460 8.359 49722314 -26801.44 -0.373 7.942 132027917 -29386.86 -0.421 8.349 55695359
11 -42564.08 -0.222  24.244 242737068 -50372.44 -0.294 24380 214110807 -39516.23 -0.200 23.968 335020596 -37846.03 -0.216  24.152 261589161
Ratio 1.000 1.000 1.000 1.000 0.954 0.975 1.004 0.956 0.969 0.937 0.995 1.302 0.815 0.857 1.000 1.036
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Power results: Table 4: Experimental results of power optimization.
w/o power optimization w/ power optimization
. .. . Bench i -

Enabling the power optimization, our router Ps R L e CidEeebl CS
0 0.0009  0.6461 6438399 -0.945 | 0.0009  0.6460 6443602 -0.977
further improves: 1 0.0772  3.0531 22573155 -0.409 | 0.0773  3.0531 22576420 -0.409
2 0.1621 29406 13056103 -2.144 | 0.1561 29345 13175395 -2.285
e 10.6% switching power 3 0.0488  0.1447 2910471 0443 | 0.0454  0.1417 3069599  -0.349
4 32985 7.6727 65052484 -2.180 | 3.0019  7.3692 72775512 -7.962
* 4.1% total power 5 10.2331 233196 252306571  0.497 | 9.7320 22.8011 269961040  0.426
6 0.0001  0.1561 4374734 1461 | 0.0001  0.1561 4376830  1.462
* 0.884 contest score 7 0.0024  0.3048 21213727 0424 | 0.0024 03048 21180832  0.424
. o . 8 0.0013  0.1363 13936159 1391 | 0.0013  0.1363 13972036  1.394
with an 8.3% congestion overhead. 9 0.0476  0.1443 2246898 1.205 | 0.0447  0.1410 2416448 1.172
10 37161 83489 55695359 1346 | 3.2413  7.8588 64429910  0.235
11 109162 24.1525 261589161 2313 | 94767 22.6697 292718663  -0.332
Average | 23754 59183 60116102 0284 | 2.1483 5.6843 65591357 -0.600

Ratio 1106 1.041 0.917 1.000  1.000 1.000




Thank you



